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Abstract

Preoperative diagnosis of kidney tumors, including the crucial differentiation between be-
nign and malignant lesions and the grading of malignant tumors (low-grade vs. high-grade),
is vital for treatment planning but challenging with traditional imaging alone. This study
proposes a novel Radiomics-Guided Convolutional Neural Network (RGCNN) model that
aims to enhance kidney tumor classification accuracy by integrating Computed Tomogra-
phy (CT) images with quantitative radiomic features. Data preprocessing involved isotropic
resampling and Connected Component (CC3D) cropping on datasets from three different
sources (KiTS19, TCGA-KIRC, VGHTC) to standardize the tumor region. The RGCNN
model not only utilizes Traditional Radiomics (TR) features but also extracts CNN-Based
Radiomics (CR) features from its convolutional layer feature maps. Experimental results
show that combining both CR and TR outperforms standalone CNN or TR-only models.
The combined model achieved an AUC of 0.82 and an F1-Score of 0.89 in the benign-
versus-malignant classification task, and an AUC of 0.74 and an F1-Score of 0.64 in the
more challenging low-grade versus high-grade classification task. This study validates the
significant potential of RGCNN as a non-invasive, preoperative diagnostic aid.

Keywords: Kidney Tumor Classification, Radiomics, Convolutional Neural Networks,
Contrastive Learning, Tumor Grading.

1. Introduction

Kidney cancer is a prevalent diagnosis, often identified at an advanced stage due to the lack
of early symptoms (Pantuck et al., 2000). At this point, the disease may have metastasized,
necessitating more aggressive treatments. For initial evaluation, diagnostic imaging methods
such as computed tomography (CT) or magnetic resonance imaging (MRI) are commonly
recommended to determine whether a tumor is malignant.

Benign tumors, though they may grow in size, do not spread to other organs and are
generally not life-threatening. In contrast, malignant tumors pose a significant health risk.
Malignant tumors are further classified into grades using systems like the Fuhrman (Lang
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et al., 2005) or WHO/ISUP grading systems (Delahunt et al., 2019), with Grade 1 and
Grade 2 categorized as low grade, and Grade 3 and Grade 4 as high grade.

However, accurately distinguishing between benign and malignant tumors, and assigning
the correct grade, can be challenging (Frank et al., 2003; Johnson et al., 2015; Patel et al.,
2016). While biopsies provide precise classifications, they are invasive and carry risks such
as infection (Silverman et al., 2006). Consequently, there is a growing interest in developing
non-invasive methods to assist doctors in pre-surgical evaluations.

Recent advances in contrastive learning have shown promise in various domains, in-
cluding image classification and object detection (Hu et al., 2024; Wang et al., 2022; Xie
et al., 2021). This approach is particularly robust in scenarios involving semi-supervised
learning and data imbalance (Zhu et al., 2022; Chen et al., 2020). The core idea of con-
trastive learning is to maximize the similarity between an anchor and its positive sample,
often created through data augmentation. However, applying this technique to CT images
is not straightforward, which led us to introduce radiomic features as auxiliary knowledge
augmentation.

Radiomics, which involves extracting a wide range of quantitative features from CT
images, has become crucial in identifying tumor characteristics that are not visible to the
naked eye (Gillies et al., 2016; Uhm et al., 2021). This process involves a sophisticated
pipeline that processes medical imaging data (Mayerhoefer et al., 2020; Van Timmeren et al.,
2020), with the features forming a rich dataset for training machine learning algorithms
(Giraud et al., 2019; Rastegar et al., 2020).

In this paper, we introduce a novel model, the Radiomics-Guided Convolutional Neural
Network (RGCNN), which integrates contrastive learning with both radiomic features and
CT images. Our research shows that RGCNN can generate innovative features, termed
CNN-based radiomics (CR). When combined with traditional radiomics (TR) as input for
machine learning models, these features significantly enhance classification performance. We
validated our model across three datasets, demonstrating its effectiveness in distinguishing
between benign and malignant tumors, as well as in accurately classifying tumors by grade.

2. Related Works

2.1. Machine Learning Models Integrated with Radiomics

In recent years, machine learning and deep learning models have become increasingly preva-
lent in medical research. Specifically, several studies have integrated radiomic features into
ML and DL models to predict classification outcomes in kidney tumors (Kocak et al.,
2020; Sun et al., 2020). Uhlig et al. (2020) investigated the application of eight different
ML algorithms to tackle the multiclass classification of kidney tumor subtypes, including
chromophobe and papillary Renal Cell Carcinoma (RCC), Angiomyolipoma (AML), and
oncocytoma. In their study, radiomic features with near-zero variance were excluded to
eliminate linear dependencies within feature groups. The authors explored three feature se-
lection strategies, combined with feature extraction through Principal Component Analysis
(PCA) (Abdi and Williams, 2010). A 10-fold cross-validation approach was used, and class
imbalance was addressed using the Synthetic Minority Over-sampling Technique (SMOTE)
(Chawla et al., 2002). The model’s performance was assessed using the Area Under the
Curve (AUC) metric. Among the evaluated ML models, XGBoost achieved the highest
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AUC values across all feature selection methods, with the best results obtained using no
feature selection combined with SMOTE (AUC = 0.72).

2.2. CNN Integrated with Radiomics

The rapid advancement of technology has led to significant breakthroughs in deep learn-
ing models applied to CT images integrated with radiomics (Tez, 2025; Wang et al., 2025;
Zhang et al., 2025). Lou et al. (2019) introduced a pioneering deep learning framework
called Deep Profiler, designed to tailor radiotherapy doses by integrating CT images with
radiomic features. The model consists of an encoder, a decoder, and a task-specific network,
all working together to extract imaging features, estimate handcrafted radiomics, and pre-
dict therapy outcomes. The encoder utilizes a three-dimensional CNN to reconstruct new
radiomic features and estimate the time to event for patients undergoing radiotherapy. By
incorporating a proportional hazards model (Kumar and Klefsjö, 1994) and a nested five-
fold cross-validation experiment, Deep Profiler demonstrated superior predictive capabilities
compared to standalone deep learning and classical radiomics. A notable strength of this
approach is its ability to identify salient voxels around the tumor, offering a significant
improvement in personalized dose delivery by enhancing tumor volume delineation through
automatic contouring. This integrated methodology, which combines imaging data with
clinical variables, represents a significant advancement in improving treatment outcomes in
radiotherapy. Han et al. (2022) introduced a novel framework for accurate classification
and localization of abnormalities in chest X-rays, leveraging end-to-end semi-supervised
knowledge-augmented contrastive learning. This approach excels in disease classification
and localization while addressing the challenge of acquiring expensive annotated labels and
bounding boxes. The framework uniquely integrates radiomic features as knowledge aug-
mentation, creating a feedback loop where image and radiomic features reinforce each other.
Experiments on the NIH Chest X-ray dataset demonstrate the framework’s superior per-
formance compared to existing baselines, advancing the application of contrastive learning
in medical imaging.

3. Datasets

The datasets used in this study included KiTS (The 2019 Kidney and Kidney Tumor Seg-
mentation Challenge (Heller et al., 2021)), TCGA-KIRC (The Cancer Genome Atlas Kidney
Renal Clear Cell Carcinoma Collection (Linehan and Ricketts, 2019; Weinstein et al., 2013)),
and a private dataset from Veterans General Hospital in Taichung (VGHTC), Taiwan. Both
KiTS and TCGA-KIRC are public datasets, while the VGHTC dataset is proprietary. All
CT images were taken preoperatively, prior to tumor removal surgery. The KiTS dataset
contains 300 arterial phase abdominal CT scans of kidney cancer patients, along with ground
truth semantic segmentations for the kidney, cyst, and tumor. For TCGA-KIRC, after ex-
cluding cases with missing labels and high-resolution CT images, we utilized 103 CT images.
Since the TCGA-KIRC dataset lacked segmentation data, we applied a pre-trained nnUNet
model (Johnson et al., 2015) from KiTS to generate the necessary masks. It is important to
note that the TCGA-KIRC dataset exclusively contains CT images from malignant cases.
The VGHTC dataset includes 215 CT images, selected from the first arterial phase scan of
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each patient. Experienced, board-certified radiologists at VGHTC labeled the segmentation
data and determined both the malignancy and grade of the tumors.

4. Methodology

4.1. Radiomics Guided CNN

Our goal was to seamlessly integrate information from 3D CT images and radiomic data,
combining the spatial richness of the images with the detailed quantitative features derived
from radiomic analysis. To achieve this, we utilized contrastive learning to create embed-
dings that capture the relationships between CNN-extracted features and radiomics data.
This led to the development of a novel model, the RGCNN, which exploits the complemen-
tary strengths of both image-based CNN representations and radiomics-derived features to
enhance predictive performance.

Our architecture includes two distinct neural networks: the image network and the
radiomics network, as depicted in Figure 1. The image network includes an encoder, which is
a 3D CNN with Deep Profiler inspired from Han et al. (2022) as its backbone (Figure 2), and
a projector composed of a two-layer MLP with ReLU activation. The radiomics network,
on the other hand, utilizes a three-layer MLP as its projector. Importantly, these networks
and projectors operate independently, each with its own set of weights.

For the image view v, the encoder generates a representation yi = fi(v), which is
then projected to zi = gi(yi) through the image projector. Similarly, for the radiomics,
a representation yr is projected to zr = gr(yr) via the radiomics projector. We minimized
the discrepancy between the corresponding projections zi and zr of the same patient using
supervised contrastive loss (Khosla et al., 2020). Additionally, to handle classification errors
from the representation yi, we applied focal loss (Lin et al., 2017). During the testing phase,
only the image encoder fi is used.

Figure 1: Overview of the RGCNN model
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The image network in the RGCNN model takes 6-channel images as input, comprising
the original cropped CT image with dimensions of 64×64×64 voxels, alongside five optimal
radiomics 3D features. Meanwhile, the radiomics network is trained using the most effective
radiomics 2D features to complement the image network. By adopting a contrastive learning
approach, our model enhances its robustness, particularly in handling class-imbalanced
data—a common challenge in medical imaging. In this framework, the positive samples
are derived from pairing the image features and radiomic features of the same case, while
negative samples are drawn from different-class images within the 6-channel dataset. To
identify the most relevant 3D radiomics features, we conducted extensive CNN experiments,
ultimately selecting the top five features for model input.

Figure 2: Model Structure of Deep Profiler

4.2. Loss Function

Overall learning loss function as Equation Equation (1) was formulated as a combination
of supervised classification loss and supervised contrastive loss.

L∗ = Lfl + λ×Lcl (1)

Here, Lfl represents the supervised focal loss, Lcl stands for the supervised contrastive
loss, and λ is the weighting factor controlling the importance of the supervised contrastive
loss. The objective of supervised classification focal loss is to improve the model’s perfor-
mance by placing greater emphasis on errors and reducing the impact of predicting easy
examples. The formulation of supervised classification focal loss Lfl is as follows:

Lfl = −(1− pt)
γ×log pt

pt =

{
p if y = 1

1− p if y = 0

(2)

pt represents the predicted probability of the correct class, and γ >= 0 is a tunable
parameter. y stands for the label, and p represents the predicted probability of the correct
class at a given instance. The purpose of γ is to adjust the behavior of the focal loss. When
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γ > 0, the loss is reduced for well-classified examples, enabling the model to focus more on
difficult and misclassified instances. This flexibility allows the model to adapt its sensitivity
to different types of errors according to the dataset’s characteristics.

The supervised contrastive loss (Lcl) is designed to enhance the discriminative power
of feature representations in a supervised setting. It encourages the model to bring repre-
sentations of samples from the same class (positive pairs) closer in the feature space while
pushing representations of samples from different classes (negative pairs) farther apart. The
extended formulation for each pair-wise loss term (Lcl

i ) is expressed as follows:

Lcl =

2N∑
i=1

Lcl
i

Lcl
i =

−1

2Nyi − 1

2N∑
j=1

1i̸=j · 1yi ̸=yj · log
exp(zi · zj)/τ)∑2N

k=1 1i̸=k · exp(zi · zk)/τ)

(3)

Here, Lcl
i represents the supervised contrastive loss for the ith sample. The loss is

computed over 2N samples in the batch. The indicator functions ⊮i̸=j and ⊮yi ̸= yj ensure
that the terms are only considered for different samples and same classes, respectively.
The softmax-like operation in the numerator and denominator helps scale the similarity
scores between representations zi and zj by the temperature parameter τ , controlling the
sharpness of the distribution. The loss is then averaged over the number of valid pairs in
the batch. Overall, the supervised contrastive loss encourages the model to learn robust
and discriminative representations by focusing on the relationships between positive and
negative pairs within the training batch.

4.3. CNN-Based Radiomics Features

In our study, we leveraged the feature maps generated by the RGCNN model to develop a
novel set of features termed CNN-based radiomics (CR), inspired by traditional radiomics
(TR) but designed to capture the rich spatial information and intricate patterns revealed
by the RGCNN. Unlike TR, which applies predefined metrics directly to the Region of In-
terest (ROI) in tumor images, CR features are derived by summing the values within the
feature maps. This method condenses the hierarchical representations learned across differ-
ent layers into quantitative descriptors. By capturing the tumor’s structural characteristics
and the spatial relationships across multiple dimensions, CR features address aspects often
overlooked by TR methods.

The integration of CR features aims to bridge the gap between the interpretability of
TR features and the representational power of deep learning-based feature maps. By aggre-
gating information from the feature maps, we harness spatial characteristics that contribute
to a more comprehensive understanding of tumor complexities. The optimal outcome was
achieved with 96 CR features, derived from layers 0 to 3, compared to 1316 TR features,
highlighting the efficiency and potential of CR in enhancing tumor classification and assess-
ment.
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5. Experiments

5.1. Data Preprocessing

To standardize varying voxel spacing across diverse datasets, we performed isotropic resam-
pling to 1.0×1.0×1.0 mm3 using B-spline interpolation. We then employed the Connected
Component 3D (CC3D) (Silversmith, 2021) algorithm to isolate relevant tumor volumes.
Utilizing 26-connectivity, we identified the largest tumor component (excluding volumes
smaller than 100 voxels) and cropped the region accordingly; smaller tumors were fitted to
a fixed (64,64,64) bounding box.

5.2. Radiomics Feature Extraction

We utilized the PyRadiomics package to extract features from CT images and masks. We
applied original, wavelet (8 decompositions), and Laplacian of Gaussian (LoG, with σ ∈
{1.0, . . . , 5.0}) filters. This pipeline generated 580 3D voxel-based feature maps and 1,316
2D scalar features, referred to as TR. These features encompassed first-order statistics,
Gray Level Co-occurrence Matrix (GLCM), and Gray Level Run Length Matrix (GLRLM)
metrics, capturing intensity distributions and textural patterns within the ROI.

5.3. Implementation Details

The dataset was partitioned into a 20% independent test set and an 80% training set,
the latter subjected to 5-fold cross-validation with strict patient separation. We evaluated
Random Forest (n estimators=100, max depth=10) (Ho, 1995) and XGBoost (Guestrin and
Chen, 2016) classifiers. To mitigate overfitting, Principal Component Analysis (PCA) was
employed to reduce both TR and CR features to 10 principal components. We addressed
class imbalance using SMOTE for machine learning models and a “WeightedRandomSam-
pler” for deep learning training. Model performance was quantified using the F1 Score and
Area Under the Curve (AUC).

5.4. Result

We compared the performance of the proposed RGCNN model with several other ap-
proaches, including a standard CNN (architecture depicted in Figure 2), a TR-based clas-
sifier, a CR-based classifier, and the combined integration of CR and TR features.

Table 1 presents the classification results for distinguishing between benign and ma-
lignant tumors. Notably, the combination of CR and TR features resulted in significant
improvements compared to using either CR or TR alone. The AUC score for the RGCNN
model was the highest, followed closely by the CR+TR combination, demonstrating the ef-
fectiveness of our proposed model and the value of integrating CR features. While CR+TR
outperformed in most metrics, it slightly underperformed in specificity, where the CNN-
only model excelled. This suggests that the CNN model is particularly effective at correctly
identifying benign cases but struggles more with malignant cases. On the other hand, TR
ranked second in sensitivity, indicating its strength in identifying malignant tumors. Over-
all, the RGCNN model, by leveraging the strengths of both CNN and TR features, achieved
the highest AUC, validating the robustness and effectiveness of our approach.
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Table 1: Performance evaluation in benign and malignant task

Benign vs Malignant
Accuracy AUC F1-Score Sensitivity Specificity

RGCNN
0.804

[0.780-0.830]
0.831

[0.799-0.868]
0.867

[0.847-0.853]
0.826

[0.8-0.853]
0.731

[0.678-0.798]

CNN
0.768

[0.741-0.796]
0.812

[0.776-0.852]
0.834

[0.809-0.855]
0.754

[0.722-0.789]
0.816

[0.761-0.865]

Radiomics
(TR)

0.829
[0.806-0.854]

0.792
[0.752-0.843]

0.888
[0.871-0.906]

0.885
[0.865-0.909]

0.638
[0.584-0.717]

CR
0.777

[0.744-0.809
0.731

[0.698-0.782]
0.855

[0.833-0.882]
0.855

[0.826-0.883]
0.511

[0.455-0.600]

CR+TR
0.830

[0.803-0.858]
0.819

[0.788-0.856]
0.891

[0.872-0.909]
0.901

[0.877-0.924]
0.589

[0.528-0.664]

Table 2 presents the classification results for distinguishing between low-grade and high-
grade tumors. Compared to Table 1, the overall scores are lower, indicating that this clas-
sification task is more challenging. Despite this, our results reveal a significant finding: the
combination of CR and TR outperformed all other models across all metrics in this difficult
task. This suggests that CR successfully captures critical features that might be overlooked
by other methods. The strength of this combined approach lies in the complementary
nature of the information each modality captures. TR, with its robust texture analysis,
excels in identifying intricate patterns within the ROI. Meanwhile, CR, powered by deep
learning, extends beyond the ROI, capturing valuable contextual information outside the
explicit tumor boundaries. This synergy between TR and CR enhances the model’s ability
to distinguish between low-grade and high-grade tumors, highlighting the effectiveness of
integrating traditional and deep learning-based radiomics features.

Table 2: Performance evaluation in low-grade and high-grade task

Low-grade vs High-grade
Accuracy AUC F1-Score Sensitivity Specificity

RGCNN
0.717

[0.683-0.753]
0.716

[0.676-0.751]
0.613

[0.565-0.663]
0.589

[0.531-0.647]
0.796

[0.757-0.837]

CNN
0.695

[0.658-0.731]
0.710

[0.665-0.755]
0.592

[0.530-0.641]
0.583

[0.525-0.643]
0.763

[0.723-0.805]

Radiomics
(TR)

0.708
[0.670-0.738]

0.734
[0.696-0.768]

0.610
[0.559-0.659]

0.601
[0.538-0.660]

0.774
[0.727-0.815]

CR
0.701

[0.663-0.731]
0.705

[0.668-0.743]
0.600

[0.551-0.648]
0.589

[0.532-0.647]
0.770

[0.730-0.808]

CR+TR
0.740

[0.710-0.771]
0.737

[0.698-0.775]
0.637

[0.581-0.682]
0.601

[0.533-0.669]
0.825

[0.782-0.856]
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6. Discussion

6.1. Investigating the Importance of CR

By merging these diverse sources of information, we achieved a synergistic effect in Table 1
and Table 2. The texture-rich insights from TR seamlessly integrated with the spatial
awareness and contextual understanding provided by CR. This could not only inherit the
interpretability of TR but also leveraged the representational power of CR. Thus, we then
wanted to further investigate how CR affect the overall performance.

The Mean Decrease in Impurity (MDI) is a measure used in Random Forest algorithms
to assess the importance of each feature in making accurate predictions. Figure 3(a) and
Figure 3(b) are the feature importances of the result from the Random Forest model on
benign/malignant and high-grade/low-grade task respectively. Principal Component (PC)
stands for the represented features after the operation of PCA. The first 10 features (PC0
∼ PC9) came from CR and last 10 features (PC10 ∼ PC19) came from TR.

From Figure 3(a), the model’s highest importance came from PC12 which was generated
from TR, but there was also the contribution from PC0 which came from CR. This indicated
that not only TR influenced the model, but CR features also assisted the model, enhancing
its performance. As for the low-grade and high-grade tasks, in Figure 3(b), the model’s
highest importances were in PC10 and PC0. Similarly, the model was not biased towards
one side, confirming that the CR indeed contributed to the performance of TR. This strategy
emerged as a promising avenue for advancing tumor classification methodologies, showcasing
the potential of amalgamating traditional and deep learning-based radiomic approaches for
enhanced diagnostic accuracy.

(a) Benign/Malignant Importances (b) Low/High Importances

Figure 3: Overview of Feature Importances

6.2. The Relationship Between Radiomics and Feature Maps

To quantify the correlation between radiomics features and feature maps across different
layers, we calculated structural similarity index measure (SSIM) scores, as visualized in Fig-
ure 4. For the benign and malignant classification task, the optimal performance observed
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at layer 0 coincided with the highest SSIM score. Additionally, a distinct peak was noted
at layer 4, followed by a gradual decline. To further illustrate these relationships, the most
correlated radiomics features are depicted in Figure 5.

(a) SSIM score between different layers (b) Performance of feature maps

Figure 4: The relationships between SSIM score and feature map performances

(a) original firstoerder 10Percentile (b) original glcm autocorrelation

Figure 5: The most related radiomics features in layer 0.

7. Conclusion

This study integrates 3D CNN and radiomics to enhance the preoperative classification of
kidney tumor malignancy and grade. By isolating the largest tumor segment, we analyzed
feature maps to generate novel CR features. Our results demonstrate that combining CR
with traditional TR significantly outperforms single-modality approaches. Future work will
investigate layer-wise contrastive loss to strengthen the alignment between CNN represen-
tations and radiomic features, aiming for superior diagnostic accuracy.
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